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Abstract

Distributed machine learning has become increasingly vital as data sources continue
to expand geographically. Traditional ensemble methods such as AdaBoost demonstrate
impressive predictive capabilities but often require frequent synchronization across nodes,
resulting in significant communication overhead. This paper introduces a novel paradigm
of infrequent synchronization in which nodes perform multiple rounds of local AdaBoost
before exchanging partial or complete model updates. The potential advantages include
reduced communication costs, the ability to handle intermittent connectivity, and
competitive accuracy compared to fully synchronized approaches. A real-world use case in
the trucking industry is presented to demonstrate the feasibility and value of this new
approach. The paper concludes by outlining future directions and the expected impact on
communication-efficient distributed learning.
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1. Introduction

1.1 Background

The evolution of big data analytics has necessitated the adoption of distributed machine learning
frameworks that can operate across geographically dispersed nodes. Ensemble algorithms,
particularly AdaBoost [1], stand out for their ability to transform weak learners into a strong
classifier through iterative reweighting of training examples. Yet, the classical distributed
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deployment of AdaBoost relies on frequent data or model exchanges, often every boosting round
to maintain a coherent global model [2]. This can be problematic in scenarios where
communication is costly, bandwidth is limited, or connectivity is intermittent [3].

1.2 Problem Statement

This research explores a delayed or infrequent synchronization strategy in distributed AdaBoost
to minimize communication overhead without substantially sacrificing model accuracy [4].
Specifically, it examines whether AdaBoost's iterative process can be adapted to function
effectively under limited exchange conditions, an area partially explored in [5, 6] but remaining
relatively undeveloped for classical boosting approaches.

1.3 Research Objectives

1. Reduced Communication Overhead: Demonstrate how the frequency of synchronization
rounds can be lowered to a fraction of the total boosting iterations while still retaining high
model accuracy.

2. Adaptive Local Training: Investigate how local reweighting schemes can operate in
isolation for multiple iterations to mitigate the stale model challenge.

3. Real-World Feasibility: Illustrate a use case where intermittent connectivity is common,
namely the trucking industry, to validate the proposed method's applicability and benefits.

2. Related Work

2.1 Communication-Efficient Ensemble Methods

Studies in communication-efficient boosting [7] and local update strategies [8] establish that sparse
or delayed parameter sharing can preserve accuracy under theoretical guarantees. Distributed
boosting algorithms such as PreWeak and AdaSampling reduce synchronization overhead by
transmitting partial updates or sampled data to a central coordinator [9]. Nonetheless, these
methods often necessitate specialized sampling or model pruning to ensure convergence.

2.2 Federated Learning Paradigms

Federated learning (FL) promotes infrequent synchronization, a property particularly valuable in
privacy-sensitive industries such as healthcare and finance [10]. Techniques like Federated
Averaging (FedAvg) allow clients to perform multiple local gradient-descent updates before
transmitting aggregated model parameters to a central coordinator, thereby substantially reducing
communication overhead [5]. Although the underlying motivation of decreasing communication
is shared, FedAvg and distributed AdaBoost differ fundamentally in their learning dynamics.
FedAvg operates on parametric, differentiable models whose parameters can be averaged
meaningfully across clients. In contrast, distributed AdaBoost aggregates weak learners through
weighted voting rather than parameter averaging, and its communication steps revolve around
synchronizing model weights, error rates, or classifier outputs rather than gradient-based updates.
This distinction highlights that, while both paradigms benefit from reduced communication
frequency, the mechanisms enabling synchronization in distributed AdaBoost require algorithm-
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specific coordination rather than straightforward parameter averaging, motivating the development
of tailored synchronization strategies.

2.3 Distributed Systems and AdaBoost Synchronization

Distributed systems rely on principles such as scalability, consistency, and fault tolerance [11].
Achieving these principles often involves trade-offs; scalable systems commonly sacrifice strict
consistency to ensure fault tolerance and availability [12]. Ensemble methods like AdaBoost face
unique synchronization challenges due to their sequential nature; each iteration requires updated
global error rates to adjust sample weights, typically necessitating synchronous communication
[1, 13].

In contrast to federated learning's flexibility in synchronization (e.g., asynchronous and hybrid
approaches such as FedBuff), distributed AdaBoost methods commonly enforce synchronous
communication rounds [14]. Empirical analyses, such as LoAdaBoost FedAvg, illustrate
AdaBoost's integration within federated frameworks by combining synchronous aggregation with
adaptive weighting strategies to enhance accuracy and efficiency [15]. However, AdaBoost's
inherent sequential dependencies limit the potential for asynchronous updates, reinforcing the
necessity of carefully managed synchronization mechanisms [16].

3. Proposed Methodology

The primary goal is to minimize synchronization events in a distributed AdaBoost framework
while still preserving sufficient model accuracy. Each node locally runs multiple rounds of
AdaBoost on its partition of data, updating instance weights and training weak learners without
requiring continuous global communication [7, 5]. Periodically, but as rarely as feasible, these
partial updates are exchanged and merged into a global ensemble, aligning node-specific
reweighting strategies and capturing the collective knowledge [6]. This strategy builds upon the
classical boosting concept [1] yet limits the overhead typically associated with every-round
synchronization. While more local iterations between communications can slightly increase the
risk of model drift, careful selection of when and how often to synchronize helps balance reduced
bandwidth usage with acceptable predictive performance in large-scale or bandwidth-constrained
environments.

3.1 Algorithmic Framework

The novel contribution is an infrequent synchronization strategy for AdaBoost. Instead of
synchronizing after each boosting iteration, each node trains locally for K rounds, storing partially
updated models in a local buffer. After these K rounds, the node communicates with a central
server or peer nodes to merge and refine the global ensemble. The process repeats until the desired
number of boosting rounds is reached.

Key Insight: By decoupling local updates, the model allows partial divergence in node-specific
weight distributions. Periodic global synchronization steps mitigate error accumulation and realign
the ensemble.
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3.2 Pseudocode

69

Algorithm: InfrequentSyncAdaBoost

Input:
D={D_1,D 2,..,D_N} // Partition of data across N nodes
T /I Total number of boosting rounds
K /I Frequency of synchronization

base_learner // Base classifier for AdaBoost

Initialize:
For each node n:
Initialize local sample weightsw_n(i) =1/|D_n|

Forroundt=1to T:
For each node n in parallel:
1. Train weak classifier h_n(t) on D_n using current weights w_n
2. Compute error_n(t) =X [w_n(i) * I(h_n(t)(x_i) #y_i)]
3. Compute o_n(t) = 0.5 * In((1 - error_n(t)) / error_n(t))
4. Update weights:
w_n(i) =w_n(i) * exp(-o._n(t) * y_i * h_n(t)(x_i))
5. Normalize w_n(i)

Ift% K==0ort==T:
/I Synchronize across nodes
6. Gather {h_n(t"), a_n(t")} for t' in {t-K+1, ..., t} from each node

8. (Optional) Prune or refine ensemble if it becomes too large
9. Broadcast H_g(r) to all nodes, so they can align partial states

Output:
Final aggregated ensemble: H_g(T)

7. Construct global ensemble H_g(r) by merging or aggregating these weak classifiers

3.3 Complexity Analysis

e Communication: Reduced from O(NT) in classical distributed AdaBoost (where each

node synchronizes every iteration) to O(NT / K) in the proposed infrequent scheme.

Computation: Minimal additional overhead arises from merging partial ensembles, which
can be done through a simple central aggregator. Local computations remain identical to
standard AdaBoost.

Potential Trade-offs: Longer local training phases might introduce greater divergence
from the global optimum, demanding careful parameter tuning (e.g., selection of K).
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4. Evaluation

4.1 Experimental Setup
Three variants of distributed AdaBoost are compared:

1. Fully Synchronized (Baseline): Synchronization at every boosting round.

2. Moderately Synchronized: Synchronization every 5 rounds.

3. Infrequent Synchronization: Synchronization only once or twice (e.g., every 25 or 50
rounds).

A sample result table and visualizations based on the evaluation metrics for 100 boosting rounds
is shown in Table 1.

Table 1. Synchronization analysis

Sync Strategy | Sync Rounds | Communication | Accuracy (%) | TrainingTime (S)
(MB)

Fully 100 120.0 95.4 240

Synchronized

Every 5 Rounds 20 24.0 94.9 180

Every 25 Rounds 4 4.8 94.2 160

Once (at End) 1 1.2 91.5 140

Communication (MB)
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Fig. 1. Communication overhead by synchronization strategy.
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Model Accuracy vs Sync Strategy
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Fig. 2. Model accuracy vs Synchronization strategy.
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Fig. 3. Training time by synchronization strategy.

Although the final accuracy for the “Once (at End)” synchronization strategy is lower at 91.5%
compared to more frequent synchronization, it remains sufficiently high for many real-world
applications. In scenarios where faster training time, reduced communication overhead, or
intermittent connectivity takes priority, a slight reduction in accuracy can be acceptable. This
performance level still represents a robust predictive capability, ensuring that the trade-off between
model quality and limited synchronization is justifiable in numerous large-scale or bandwidth-
constrained deployments.
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4.2 Real-World Use Case: Trucking Industry

4.2.1 Context and Data Generation

Each truck in a large fleet is equipped with sensors gathering telematics data: fuel usage, engine
temperature, speed, brake usage, GPS location, etc. Due to remote driving routes and sporadic
connectivity, the trucks can only synchronize with the central office every few hours or at
designated checkpoints.

4.2.2 Application

e Predictive Maintenance: Early detection of mechanical issues based on aggregated sensor

data.

e Fuel Efficiency Optimization: Identifying fuel-wasting driving behaviors across different
terrains.

e Driver Safety Analysis: Monitoring and alerting high-risk driving patterns (sharp braking,
speeding).

4.2.3 Implementation

Local AdaBoost runs on each truck for multiple iterations, updating the distribution of "tricky"
instances found in that truck’s routes. When connectivity allows, all partial models are transmitted
to a central aggregator, which merges them and redistributes global updates.

Outcome: Even with one or two synchronizations per day, fleet-wide predictive performance
remains competitive, enabling near-real-time insights into vehicle health and driver habits without
overwhelming the limited communication infrastructure.

5. Conclusion and Future Work

The proposed infrequent synchronization strategy for distributed AdaBoost addresses pressing
challenges in large-scale, communication-constrained settings. Preliminary analyses indicate that
local training for multiple rounds before synchronizing can significantly reduce communication
overhead with a modest trade-off in convergence speed or final accuracy. Future work will involve
formalizing convergence bounds, exploring adaptive synchronization schedules based on node-
specific performance, and implementing privacy-preserving protocols to handle sensitive data
(e.g., driver habits or proprietary operational metrics).
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Uppnip 4. Oqnniljjutt! b Lnthu dtpuwmtnn nk Uhtign Loy ku?
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Udthnthnid

Pupldws dbphtwjuljut ntunignidp quipdty E wybkjh nt wdbkih Juplnp, puth np
nyjuubiph wnpnipubipp owpnibwnud B paguyudb] wphowphwgpnpl: Udutnujut
whuwdpjwyhtt dbpnnubpp, husywhuhtt E AdaBoost-p, gnigunpnid bt wnuwynphy
juthwnbunquljut htwpwynpnipynibtbkp, payg hwdwp yuwhwiuenid Eu hwdwpiwlh
hwdwdwdbgmd hwugnygutph dhol, husp hwbghgunid E hwnnppulgdut qquih
dwipwpknitjwdnipjui: Uju wmnwowplp ikpuyugunid £ hwqunty hwmdwdudbgdw
unp Unnk], nph phwypnid nknuljwut AdaBoost-h puquuphy thnykp Eu hpujwubtwgynid
Uunpbih dwutwlh Jud wdpnpouljut pwupdwugnidubph thnjuwbwlnidhg wnwy:
Zuwpuynp  wnwybnipymititiphg o hwnnppuljgdwt Swpubkph  Ypdwwnnudp,
punhwnynn Yuwp jurwwpknt htwpudnpnipniip b dpgulgughtt £ogpuintpiniip
hwdbdwwnws (hnght hwdwdwdbgws dUnunbkgnmdutph hbwn:  Ukplujugymd E
phntwhnuunpnudibph nponpuonud hpuljuwb woluwphh oqunugnpsuwh nhup wyu tnp
Uninbkguwt  hpwgnpsdtjhnipniit n1 wpdbipp gnyg wwnt hwdwp:  Znnpusdp
tqputhwuljynid Ewywqu ninnnipjniuutph b hwnnppujgdwt wppnibwdbn pughudus
niunigdwt Jpw uyywuynn wmqptgnipjut nipjugsdudp:

Puitunph punbp’ pupjujus AdaBoost, hwqunbuy uhbijupnithqughw, hwidwihp
niunignid, hwnnppuljgdwt wpynibugbn ntunignud, $nkpunhy nidbnugnid, pnyy
unynpnnubp, dwusnnwpwjinipinil, uppwjubph hwinnipdnpuljwbunipni, hpulwb
wouwuphh mEnuljuynid
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Heuactas CHUHXpOHU3alus B pacipCaciICHHOM AdaBoost

Aptyp K. Ornyksn u Jlync @eprnanno ne Munro Jlonec

1I/IHCTnTyT npobisiem nudopmarnku u apromatuzauun HAH PA, Epesan, Apmenus
lonurexunueckuii ynusepcuteT Maapuna, Mcnanus, Maapun
e-mail: artur.oghlukyan@edu.isec.am, fernando.demingo@upm.es

AHHOTANUA

Pacnpenenennoe MammHaHOe 00ydeHHE CTAHOBUTCA Bce 00Jiee BaXKHBIM, MOCKOJIBKY MCTOYHUKH
JaHHBIX MPOAOJDKAIOT pPacCHIMpAThCA reorpaduuecku. TpalulMOHHBIE aHCAMOJIEBbIE METObI
pacrio3HaBaHus, Takue Kak AdaBoost, AeMOHCTPHPYIOT BHEUATIISAIONIME BO3MOXKHOCTH
MIPOTHO3UPOBAHUS, HO YacTO TPeOYIOT aKTUBHOM CHHXPOHU3ALUU MEXAY y3JIaMH, YTO MPUBOJUT
K 3HaYUTEIbHBIM HAKJIAJHBIM PacXxoJaM Ha CBsI3b. DTO MPEAI0KEHHE BBOJUT HOBYIO MMAPATUTMy
HEYaCTOW CHHXPOHH3AIIUU, B KOTOPOU HECKOJIBKO payHI0B JoKaabHOTO AdaBoost BEITIONHSIOTCS
710 0OMEHa YaCTUYHBIMH WJIM TTOJIHBIMUA OOHOBJICHUSIMH MoJiend. [loTeHInanbHbIe MPerMyIecTBa
BKJIIOUAIOT CHM)KEHUE 3aTpaT Ha CBSA3b, CIOCOOHOCTh 00pabaThIBaTh MPEPHIBUCTOE MOAKIIOUEHHE
U KOHKYPEHTOCIIOCOOHYI0 TOYHOCTh IO CpPAaBHEHHUIO C MOJHOCTbIO CHHXPOHHU3HPOBAHHBIMU
noaxoaamu. [IpencrasieH peanbHbIM IpUMEp HCTIOIB30BaHMs B OTPACIIN IPY30IEPEBO30K, YUTOOBI
MPOJEMOHCTPUPOBATH OCYILIECTBUMOCTH U LIEHHOCTD 3TOT0 HOBOTO MoxoAa. CTaThs 3aBepIiaeTcs
ONKCaHHEM OYAYIIMX HANpaBJICHUH U OKUAAEMOro BIUSHHS Ha 3(PQPEKTUBHOE C TOUKU 3PCHUS
CBSI3M pacmpeesieHHOe 00yUeHHe.

KawueBble cioBa: pacnpenenéuubiii AdaBoost, HedyacTass cMHXpOHM3aLus, aHCaMOJIeBOe
o0ydyeHue, KOMMYHUKaIMOHHO-3()ekTuBHOE 0O0yueHue, (QemepaTuBHOEe oOydeHue, ciaadbie
oOyyaromuecsi, MacIITabupPyeMOCTh, OTKa30yCTOHYMBOCTb, pa3BEpPTHIBAHHE B pPEATbHbIX
YCIIOBUSIX.
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